S equencing-by-synthesis (SBS) strategies have dominated RNA sequencing since the early 1990s 1 . They involve generation of cDNA templates by reverse transcription (RT) 2,3 coupled with PCR amplification 4 . Nanopore RNA strand sequencing has emerged as an alternative single-molecule strategy 5-7 . It differs from SBSbased platforms in that native RNA nucleotides, rather than copied DNA nucleotides, are identified as they thread through and touch a nanoscale sensor. Nanopore RNA strand sequencing shares the core features of nanopore DNA sequencing; that is, a processive helicase motor regulates movement of a bound polynucleotide driven through a protein pore by an applied voltage. As the polynucleotide advances through the nanopore in single-nucleotide steps, ionic current impedance reports on the structure and dynamics of nucleotides in or proximal to the channel as a function of time. This continuous ionic current series is converted into nucleotide sequence using an ONT neural network algorithm trained with known RNA molecules.
aligned read in this population ( Supplementary Table 4 ). Median identity was 86 ± 0.86% (Fig. 2a ). The mismatch, insertion and deletion errors were 2.4%, 4.3% and 4.4% respectively. The basecaller seldom confused G-for-C or C-for-G (0.38% and 0.47% errors, respectively); C-to-U and U-to-C errors were substantially higher (3.62% and 2.23%, respectively) ( Fig. 2b) . We compared the observed read length with the expected transcript length as defined by GENCODE v27, and found general agreement (Fig. 2c ). The discrete clusters below the diagonal represent incorrect assignments to GENCODE isoforms, and the diffuse shading represents fragmented RNA (see the text concerning RNA truncation).
For nanopore cDNA data, we observed a median identity of 85%, which is comparable to recent published nanopore DNA results 12 . The substitution error patterns for cDNA data were similar to those for native RNA data (data not shown).
k-mer coverage. Previous analyses indicated that some nucleotide subsequences (k-mers) are over-or under-represented in nanopore-based DNA sequence reads 11, 12 . We assessed nanopore RNA and cDNA 5-mer coverage using reads aligned to GENCODE v27 isoforms. Only reads that covered 90% or more of a given reference sequence were chosen; this selected 2.9 million of the total 10.3 million RNA reads. Of the 15.1 million pass cDNA reads, 3.9 million pass cDNA reads were selected. These reads included all 1,024 possible 5-mers (see Supplementary Fig. 1a ,b for normalized native RNA and cDNA counts, respectively).
The 5-mers that were under-represented in native RNA and over-represented in cDNA are shown in Supplementary Tables 5  and 6 , respectively. Similar to previous studies 11, 12 , the largest deviation from expectation occurred for homopolymer-rich k-mers. Nanopore sequencing performance assessed using mitochondrially encoded RNA. We reasoned that mitochondrial (MT) poly(A) transcripts could be used to benchmark nanopore sequencing performance because they are abundant in all human cells, are single exon, and vary substantially in length (349-2,379 nt). Approximately 10% (950,879) of reads aligned to the mitochondrial genome ( Fig. 3a and public UCSC track (http://genome.ucsc.edu/s/ miten/nvRNA_f_r). As expected, most of these poly(A) transcripts corresponded to mitochondrial ribosomal RNA or to mitochondrial mRNA. Overall, the nanopore RNA reads recapitulated known features of the human MT-transcriptome ( Supplementary Figs. 2  and 3 ). We also observed poly(A) RNA strands that are difficult to observe by conventional means (Supplementary Figs. 4 and 5) .
Mitochondrial RNA (MT-RNA) read length analysis was revealing. 5,000 reads aligned to mitochondrially encoded cytochrome c oxidase II (MT-CO2) or to mitochondrially encoded NADH:ubiquinone oxidoreductase core subunit 4L (MT-ND4L) and MT-ND4 genes combined (Fig. 3b ). For each transcript, a dominant band corresponded closely to the expected length (732 nt and 1,673 nt for MT-CO2 and MT-ND4L/ND4, respectively). However, for each of these, a population of truncated reads was randomly distributed between the dominant band and about 300 nt in length. When we quantified the fraction of truncated reads as a function of nominal transcript length for ten MT-mRNA of the heavy strand (Methods), we found a strong linear anti-correlation in most cases (Fig. 3c ). The single outlier was MT-ND5, which is the mitochondrial transcript with a 568 nt 3′ untranslated region (UTR).
These MT-poly(A) RNA truncations could occur at any of several non-biological steps during the sequencing process, or they could arise from regulated enzymatic degradation in the mitochondrion 13 . Here we considered three possible non-biological causes that were specific to the nanopore platform.
One systematic cause of read truncations occurred because the enzyme that controls translocation through the pore is 10-15 nt from the nanopore sensor. When the enzyme releases the last nt at the 5′ end, the strand is rapidly driven through the pore which prevents reading the terminal 10-15 nt. This phenomenon was evident by close inspection of read coverage at the 5′ end of MT-mRNA transcripts (http://genome.ucsc.edu/s/miten/nvRNA_f_r), and is expected for all direct RNA reads in the present ONT protocol. Another possible cause was ionic current signal artifacts associated with enzyme stalls during RNA translocation, or with extraneous voltage spikes ( Supplementary Fig. 6a ). Similar artifacts have been shown to disrupt strand reads during MinION sequencing of DNA 14 . Systematic analysis of 2,729 MT-CO1 reads within bulk FAST5 files from Lab 1 identified 527 reads that started or ended abnormally (Methods). By including ionic current segments that were identified before or after many of these truncations, we reconstructed 300 reads with longer alignments to MT-CO1 ( Supplementary Fig. 6 and Supplementary Table 7 ). This phenomenon was length dependent ( Fig. 3d ), ranging from 4.2% of reads with rescued segments for ND3 (346 nt nominal length) to 17.6% for ND5 (2,379 nt nominal length).
A third possible cause was strand breaks during nanopore sequencing runs. We analyzed MT-CO1 read-length distribution for each of the six laboratories as a function of time on ONT flow cells. We found that the read frequency at all lengths declined steadily over 36 h as expected, however the full-length fraction declined by only 5% ( Supplementary Fig. 7 ). This analysis also revealed that RNA from Lab 6 had degraded prior to the sequencing run. Therefore, isoform-level analyses (see below) focused on 8.17 million aligned poly(A) RNA reads from Labs 1-5.
Isoform detection and analysis.
Long nanopore reads could improve resolution of RNA exon-exon connectivity, allowing for discovery of unannotated RNA isoforms. However, these reads averaged 14% per-read basecall errors, confounding precise determination of splice sites. Also, biological RNA processing and in vitro 5′-end truncations (see above) can make it difficult to define transcription start sites (TSS).
To overcome these limitations we employed FLAIR (full-length alternative isoform analysis of RNA, see Methods). We first replaced any nanopore-based splice sites bearing apparent sequencing errors with splice sites supported by GENCODE v27 annotations or by Illumina GM12878 cDNA data ( Supplementary Fig. 8 ) 15, 16 . Second, to overcome TSS uncertainty caused by truncated RNA reads, we considered only reads with 5′ ends proximal to promoter regions (defined by ENCODE promoter chromatin states for GM12878 (refs. [17] [18] [19] ). Third, we used FLAIR to group reads into isoforms according to chains of splice junctions.
We compiled two FLAIR isoform sets (Supplementary Table 8 ) using different supporting read criteria (see Methods and Supplementary Fig. 9 ): (1) a FLAIR-sensitive set that included isoforms with three or more uniquely mapped reads (see https:// github.com/nanopore-wgs-consortium/NA12878/blob/master/ RNA.md#analyses). This large set could be useful for isoform discovery, at the risk of false positives; (2) a FLAIR-stringent set that was compiled by filtering set (1) for isoforms having 3 or more supporting reads that spanned ≥80% of the isoform with ≥25 nt coverage into the first and last exon.
We screened for unannotated isoforms within the FLAIRstringent dataset. Of the 33,984 isoforms representing 10,793 genes ( Supplementary Table 9 ), 52.6% had a splice junction chain that was unannotated in GENCODE (13.0% of total assigned reads) ( Fig. 4a ). We observed that non-coding genes had more complex splicing patterns per gene than did coding genes ( Fig. 4b ), in agreement with prior studies demonstrating increased alternative splicing in noncoding exons 20, 21 .
As a conservative alternative to FLAIR, we compiled two GENCODE-based isoform sets using a lower coverage threshold because GENCODE is curated (Supplementary Table 8 ): (1) a GENCODE-sensitive set that included isoforms with 1 or more reads that mapped uniquely to GENCODE v27; (2) a GENCODEstringent set that was compiled by filtering set (1) for isoforms having 1 or more supporting reads that spanned ≥80% of the isoform with ≥25 nt coverage into the first and last exon.
To estimate the sequencing depth required to completely characterize the GM12878 transcriptome, we plotted the number of isoforms detected in the GENCODE-sensitive and FLAIR-stringent isoform sets versus the number of subsampled reads in 10% increments. We then fitted a hyperbolic function to the data ( Fig. 4c , Supplementary Fig. 10 and Supplementary Table 10 ). It is evident that the curves did not saturate and that additional reads would be required to capture a complete GM12878 transcriptome.
Assignment of transcripts to parental alleles. Allele-specific expression (ASE) is the preferential transcription of RNA from the paternal or maternal copy of a gene. Although the importance of this phenomenon has been characterized 22 Fig. 2 | Performance statistics for nanopore native RNA sequencing. a, Alignment identity versus read length for native RNA reads. b, Substitution matrix for native RNA reads. The x axis is the known base identity for the GENCODE v27 transcriptome at positions that aligned to nanopore reads. The y axis is base identity at the same position for nanopore reads. The values within boxes are the percentage of times nanopore basecalls corresponded to correct (diagonal) or incorrect (red-shaded) calls according to the reference. The color intensity in the boxes represents the negative natural log probability of basecall matches or mismatches (see color key at right). c, Observed versus expected read length for ~9.7 million native RNA reads. The discrete clusters below the diagonal represent incorrect assignments to GENCODE isoforms, and the diffuse shading represents fragmented RNA. not fully understood. This is partly owing to technical limitations of haplotype identification using short read sequencing technologies.
We reasoned that the long nanopore RNA reads would be easier to assign to the parental allele of origin due to the greater chance of encountering a heterozygous SNP. Reads with at least two heterozygous SNPs were assigned to the parental allele of origin using HapCUT2 (ref. 23 ). To discover the most possible genes, we used the FLAIR-sensitive dataset. In it, we found 3,751 genes with at least 10 haplotype informative reads. Of these genes, 3,707 were from autosomal chromosomes and 44 were from the X chromosome ( Supplementary Table 11 ). Among autosomal genes, 228 (6.1%) showed significant ASE (binomial test, P < 0.001), and among X chromosome genes, 23 (95.7%) showed significant ASE (binomial test, P < 0.001). X chromosome expression was biased, with 22 of 23 allele-specific X-linked genes originating from the maternal allele, consistent with previous results for this cell line 24 . The sole paternally expressed X-linked locus encoded the long non-coding RNA XIST ( Supplementary Fig. 11 ), which is transcribed from the inactive X-chromosome and recruits epigenetic silencing machinery for X-inactivation in females 25 . The remaining genes were expressed equally from both parental alleles.
We combined these allele-specific reads with isoforms from the FLAIR-sensitive set to mine for allele specificity (Methods). We identified five genes with one isoform expressed from one allele and another isoform expressed from the other allele (binomial test, P < 0.001, Supplementary Table 12 ). One of these genes, interferon induced with helicase C domain 1 (IFIH1), had a paternal isoform with exon 8 retained, while the maternal isoform did not retain exon 8 ( Fig. 4d and Supplementary Fig. 12 ). The closest SNV used in alleleassignment was 886 nt away from the alternative splicing event in this transcript. This would be undetectable using short read sequencing.
3′ poly(A) analysis.
Transcript poly(A) tails are thought to have a role in post-transcriptional regulation, including mRNA stability and translational efficiency 26 . However, these homopolymers can be several hundred nucleotides long making them difficult to measure using short-read SBS data 27, 28 .
We measured poly(A) tail lengths directly using a low-variance ionic current signal associated with the 3′ end of each poly(A) strand ( Fig. 1b, iii) . We developed a computational method ('nanopolish-polya' , https://github.com/jts/nanopolish) to segment this signal and estimate how many ionic current samples were drawn from the poly(A) tail region. By correcting for the rate at which the RNA molecule passes through the pore, nanopolish-polya estimates the length of the poly(A) tail. Algorithmic details can be found in Supplementary Note 1.
To test this method, we obtained six MinION-derived poly(A) RNA control datasets generated by ONT (ENA accession PRJEB28423). These datasets consisted of ionic current traces for synthetic S. cerevisiae enolase transcripts appended with 3′ poly(A) tails of 10, 15, 30, 60, 80 or 100 nt. A second version of the 60-nt poly(A) tailed construct (60 nt-kN) contained a 10-nt randomer between the enolase sequence and the 3′ poly(A) ( Fig. 5a , Supplementary Table 13 and Supplementary Note 1). We applied this poly(A) length estimator to the complete GM12878 native poly(A) RNA sequence dataset. Overall, the poly(A) length distribution centered at ~50 nt, with mitochondrial transcripts averaging 52 nt and almost no poly(A) tail lengths greater than 100 nt. This is consistent with results for mitochondrial poly(A) RNA from other human cell lines 29 . Conversely, nuclear transcripts showed a broader length distribution, with a peak at 58 nt, a mean of 112 nt, and a large number of poly(A) tails greater than 200 nt.
Next, we measured poly(A) tail length differences between genes with at least 500 reads and ranked 1,043 genes by median values ( Fig. 5b and Supplementary Table 14 ). For some genes, for example the RNA-binding protein DEAD-box helicase 5 (DDX5), multiple peaks were observed ( Fig. 5b ), suggesting the presence of isoformspecific poly(A) tail-length sub-populations. To explore this, we analyzed genes in the GENCODE-sensitive dataset, and found 215 genes that had isoforms with significantly different poly(A) lengths ( Supplementary Fig. 13 ).
When we compared two GENCODE isoforms of DDX5, we noted that an intron-retaining isoform (ENST00000581230, '230') had a median poly(A) tail length of 327 nt, compared with the protein-coding isoform (ENST00000225792, '792'), which had a median poly(A) tail length of 125 nt (Fig. 5c ). This difference motivated us to explore the relationship between poly(A) tail length and RNA intron-retention. We classified each isoform in GENCODEsensitive as either protein-coding or intron-retaining. The subset of transcripts with retained introns tended to have longer poly(A) tails (median 232 nt) than did transcripts without introns (median 91 nt) (t-test P value < 2.2 × 10 -16 , Fig. 5d ).
Modification detection. Nanopore sequencing has been used to identify base modifications in DNA 30, 31 and RNA 5, 7 . N6methyladenine (m6A) is the most common internal modification on mRNA 32 , and has been implicated in many facets of RNA metabolism 33 . m6A dysregulation has been linked to human diseases, including obesity and cancer 34 . Because m6A modifications are enriched in 3′ UTRs, with two-thirds of these containing miRNA sites 35 , the impact of this modification appears to be largely regulatory, as opposed to altering protein-coding sequence.
We focused our studies on the GGACU binding motif of methyltransferase 3 (METTL3), a subunit of the m6A methyltransferase complex 36 . As an example, we compared the raw current signal at a putative m6A site (chr19:3976327) in eukaryotic elongation factor 2 (EEF2) with the signal for an in vitro transcribed copy (Methods). This comparison revealed an ionic current change attributable to m6A (Fig. 6a ). To validate this result, we used synthetic oligomers that were identical except for the presence or absence of m6A within the GGACU motif (Fig. 6b ). This revealed a clear current difference (Fig. 6c ) consistent with the EEF2 result.
To determine if m6A modifications differed between isoforms of the same gene, we screened GENCODE-sensitive isoforms for ionic current changes at the GGACU motif. We found 86 genes (198 isoforms) for which the median current levels at a single GGACU were significantly different between gene isoforms (Kruskal-Wallis, Student's t-test, and Kolmogorov-Smirnov statistical testing with Bonferroni multiple-testing correction). An example is illustrated for the SNHG8 gene (Fig. 6d , isoform models in Supplementary Fig. 14) .
Another post-transcriptional modification, A-to-I RNA editing 37 , plays a role in splicing and regulating innate immunity 38, 39 .
NGS detects A-to-I editing as an A-to-G nucleotide variant in cDNA sequences.
Previous nanopore experiments documented the presence of systematic base miscalls in regions of E. coli 16S rRNA bearing modified RNA bases 7 . We found systematic base miscalls at putative inosine bearing positions in the GM12878 aryl hydrocarbon receptor (AHR) data ( Supplementary Fig. 15 ). To cross-validate, we compared our cDNA sequence data relative to the GM12878 reference and found that putative inosines were detected as an A-to-G base change as expected (that is a single inosine for the CUACU 5-mer, and multiple inosines for the AAAAA 5-mer).
The ionic current distribution for the putative single inosine 5-mer (CUACU) was modestly different from the canonical 5-mer (Fig. 6e ). The ionic current distribution for the inosine containing Oligomer-containing mod Carrier RNA Fig. 6 | Nanopore detection of m6A and inosine base modifications. a, Comparing current signal from m6A-modified and unmodified GGACU motifs in the native RNA dataset for EEF2 and in vitro transcribed dataset. Pore model (indicated by a dashed line) is defined as the mean current amplitude (pA) for the canonical GGACU 5-mer in the ONT model. b, Schematic for the oligomer-ligation. A synthetic RNA oligomer (Trilink Biotechnologies) containing canonical and modified m6A bearing GGACU 5-mer was ligated to a carrier RNA. This was followed by in vitro polyadenylation. c, Comparison of ionic current signals for m6A-modified and canonical GGACU motifs. The data were acquired using the assay described in b. d, Ionic current distributions for GGACU motifs within SNHG8 gene isoforms (see gene models in Supplemental Fig. 7) . e, Ionic current distributions for putative inosine-bearing CUACU 5-mer in the 3′-UTR region of the AHR gene. Blue is native RNA and orange is in vitro transcribed (IVT) RNA. f, Ionic current distributions for putative inosine-bearing AAAAA 5-mer in the 3′-UTR region of the AHR gene. Blue is native RNA and orange is IVT RNA.
AAAAA 5-mer was more complex, possibly reflecting the presence of multiple inosines (Fig. 6f ).
Discussion
Nanopore RNA sequencing has two useful features. (1) The sequence composition of each strand is read as it existed in the cell. This permits direct detection of post-transcriptional modifications including nucleotide alterations and polyadenylation. (2) Reads can be continuous over many thousands of nucleotides providing splicevariant and haplotype phasing. Although each of these features is useful in itself, the combination is unique and likely to provide new insights into RNA biology. The two principal drawbacks of the present ONT nanopore RNA sequencing platform is the relatively high error rate (compared to Illumina cDNA sequencing), and uncertainty about the 5′ end of the transcript.
We were concerned about read fragmentation due to RNA degradation during sequencing. However, we found minimal (~5%) reduction in the full-length fraction of a 1.6 kb mRNA (MT-CO1) over 36 h. Preliminary analysis indicated that read truncations were more often caused by electronic signal noise due to current spikes of unknown origin. We showed that meaningful biological signals can be recovered from bulk Fast5 files around these truncations, suggesting that future improvements to the MinKNOW read segmentation pipeline are needed.
When combined with more accurate short Illumina reads, long nanopore reads allowed for end-to-end documentation of RNA transcripts bearing numerous splice junctions, which would not be possible using either platform alone. We documented a high proportion (52.6%) of unannotated isoforms, similar to other long-read transcriptome sequencing studies (for example, 35.6% and 49%) 40, 41 . While many of these unannotated isoforms are low abundance and their protein coding potentials are unknown, it is important to catalog them because subtle splicing changes can impact function 42, 43 . We also note that the number of detected isoforms did not saturate using the nanopore poly(A) RNA dataset, indicating that greater sequence depth will be necessary to give a comprehensive picture of the GM12878 poly(A) transcriptome.
A variety of techniques have been used to examine allele-specific expression (ASE) 15, 24 . However, identification of ASE is limited using short read platforms because heterozygous variants are rare within any given window of a few hundred nucleotides. Nanopore sequencing has the advantage of long reads, albeit limited by errors. We attempted to mitigate the effects of these errors by requiring multiple heterozygous variants and a stringent false-discovery rate (FDR) during ASE analysis. Therefore, the number of genes that we report as demonstrating ASE (167) is likely an underestimation. We report nearly exclusive use of the maternal X-chromosome, with the only paternal transcripts originating from the XIST locus, consistent with previous findings 24 . We have shown that nanopore sequencing enables allele-specific isoform studies, especially in cases where the splicing variation does not have a heterozygous variant within range of conventional short read sequencing.
Polyadenylation of RNA 3′ ends regulates RNA stability and translation efficiency by modulating RNA-protein binding and RNA structure 26 . However, transcriptome-wide poly(A) analysis has been difficult because of basecalling and dephasing errors 28 .
Recently implemented modifications to the Illumina strategy address these limitations 27, 28 ; but cannot resolve distal relationships, such as between splicing and poly(A) length. Nanopore poly(A) tail length estimation using nanopolish-polya offers the advantages of both direct length assessment and maintenance of information about isoform and modification status per transcript. Our preliminary studies revealed differences in poly(A) length distribution between mitochondrial and nuclear genes, between different nuclear genes, and between different isoforms of the same gene. We note in particular an increase in poly(A) tail length for some intron-retaining isoforms. This is consistent with previous work showing that hyper-adenylation targets intron-retaining nuclear transcripts for degradation through recognition by a poly(A)-binding protein (PABPN1) 44 . Additionally, deadenylation of cytoplasmic transcripts is a core part of the RNA-degradation pathway 45 , suggesting that time-course experiments investigating RNA decay kinetics 46 could be possible with this technology.
We have demonstrated detection of N6-methyladenosine and inosine modifications in human poly(A) RNA. This validates prior work which showed modification-dependent ionic current shifts associated with m6A (S. cerevisiae) 5 . Differences in m6A modification level proved to be discernible at the isoform level for human SNHG8 mRNA (Fig. 6d) , documenting splicing variation and modification changes simultaneously.
Although other methods exist for high-throughput analysis of RNA modifications 47 , they often require enrichment, which limits quantification, and they are usually short-read based. The latter precludes analysis of long-distance interactions between modifications, and between modifications and other RNA features such as splicing and poly(A) tail length. The capacity to detect these longrange interactions is likely to be important given recent work suggesting links between RNA modifications, splicing regulation and RNA transport and lifetime 48, 49 . We argue that nanopore native RNA sequencing could deliver this long-range information for entire transcriptomes. However, this will require algorithms trained on large, cross-validated datasets as has been accomplished for cytosine and adenine methylation in genomic DNA 30, 31 .
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k-mer analysis. We assessed nanopore RNA and cDNA 5-mer coverage using GENCODE isoforms. The read sequences were filtered by length and only reads covering 90% or more of the respective reference sequence were chosen. We calculated expected 5-mer counts from the set of reference sequences and observed 5-mer counts from the set of read sequences. For plotting purposes, we normalized the read and reference counts to coverage per megabase. The scripts are available within marginAlign 11 .
Isoform detection and characterization.
To define isoforms from the sets of native RNA and cDNA reads, we used FLAIR v1.4, a version of FLAIR 50 with additional considerations for native RNA nanopore data. For our analysis, we first removed reads generated by lab 6, because a disproportionate number of those molecules appeared to be truncated prior to addition to the nanopore flow cell. We also removed 71,276 aligned reads with deletions greater than 100 bases caused by minimap2 version 2.1. We then selected reads that had TSSs within promoter regions that were computationally derived from ENCODE ChIP-seq data 18, 19 . Using FLAIR-correct, we corrected primary genomic alignments for pass reads based on splice junction evidence from GENCODE v27 annotations and Illumina short-read sequencing of GM12878. This step also removes reads containing non-canonical splice junctions not present in the annotation or short-read data. The filtered and corrected reads were then processed by FLAIR-collapse which generates a first-pass isoform set by grouping reads on their splice junctions chains. Next, pass reads were realigned to the first-pass isoform set, retaining alignments with MAPQ > 0. Isoforms with fewer than three supporting reads or those which were subsets of a longer isoform were filtered out to compile the FLAIR-sensitive isoform set. A FLAIR-stringent isoform set was also compiled by filtering the FLAIR-sensitive set for isoforms which had 3 supporting reads that spanned ≥80% of the isoform and a minimum of 25 nt into the first and last exons. Unannotated isoforms were defined as those with a unique splice junction chain not found in GENCODE v27. Isoforms were considered intron-retaining if they contained an exon which completely spanned another isoform's splice junction. Isoforms with unannotated exons were defined as those with at least one exon that did not overlap any existing annotated exons in GENCODE v27. Genes that did not contain an annotated start codon were considered non-coding genes.
Defining promoter regions in GM12878 for isoform filtering. Promoter chromatin states for GM12878 were downloaded from the UCSC Genome Browser in BED format from the hg18 genome reference. Chromatin states were derived from an HMM based on ENCODE ChIP-seq data of nine factors 18, 19 . The liftover tool 51 was used to convert hg18 coordinates to hg38. The active, weak and poised promoter states were used.
Haplotype assignment and allele-specific analysis. We obtained genotype information for GM12878 from existing phased Illumina platinum genome data generated by deep sequencing of the cell donors' familial trio 52 . The bcftools package was used to filter for only variants that are heterozygous in GM12878. Starting with aligned reads, we used the extractHAIRS utility of the haplotype-sensitive assembler HapCUT2 (ref. 23 ) to identify reads with allele-informative variants. For allelic assignment, we required a read to contain at least 2 variants, and required that greater than 75% of identified variants agreed on the parental allele of origin-this stringent threshold was selected to reduce the chances of incorrect assignment from nanopore sequencing errors. Through this approach, each read was annotated as maternal, paternal or unassigned. To identify genes that demonstrated a very strong bias for a single allele, we performed a binomial test of all reads assigned to a parental allele, with an FDR of 0.001. We also visually inspected numerous genes displaying genes demonstrating allele-specificity using IGV, to increase our confidence in proper mapping of the reads and evaluate the presence of variants.
We further integrated this haplotype-specific analysis with our isoform pipeline to explore for the presence of allele-specific isoforms. If reads for a specific isoform originated from a single parental allele (binomial test; false discovery rate, 0.001), the isoform was assigned as allele specific. We then filtered for any genes which contained both maternal and paternal allele-specific isoforms, and visually inspected these isoforms using IGV to compare location of variants and splicing events.
Poly(A) tail length analysis. Supplementary Note 1 describes use of nanopolishpolya version 0.10.2 (https://github.com/jts/nanopolish) to estimate polyadenylated tail lengths of nanopore native RNA sequence reads. We used the Kruskal-Wallis test as implemented in Python to determine statistically significant changes between isoforms; code is available at https://github.com/nanopore-wgsconsortium/NA12878/tree/master/nanopore-human-transcriptome/scripts.
Modification detection and analysis.
We focused our initial efforts on m6A modification in genes previously identified as enriched in modifications from m6A immunoprecipitation sequencing data on human cell lines 36, 53 . We aligned native RNA reads and IVT RNA reads to candidate genes and then extracted ionic current information (mean current and standard deviation in pA) for specific 5-mers using nanopolish eventalign (version 0.10.2). We compared ionic current kernel density estimates (KDE) for GGACU within the 3′ UTR of the EEF2 gene in native RNA with the KDE for its canonical IVT RNA counterpart. The extent and directionality of current shifts observed by m6A modification within the GGACU motif were orthogonally investigated using an in-vitro oligomer ligation assay, as described above. We compared KDEs for the modified and unmodified GGACU motifs within the synthetic oligomer. Statistical testing (Kruskal-Wallis, Student's t-test, Kolmogorov-Smirnov and Bonferroni correction) was implemented in Python with code available at https://github.com/nanopore-wgs-consortium/ NA12878/tree/master/nanopore-human-transcriptome/scripts.
For detecting A-to-I editing, we focused on the 3′-UTR region of the human aryl hydrocarbon receptor (AHR) gene. Using the UCSC Genome Browser, we identified systematic G base variant calls in AHR cDNA data (probable inosine substitutions in RNA). We then tested for systematic base miscalls at the corresponding positions in native RNA data. Next, we used nanopolish eventalign (version 0.10.2) to extract ionic current information for two putative inosinecontaining 5-mers (CUACU and AAAAA), and for their respective IVT-derived canonical 5-mers from chromosome 7. Ionic current distributions for CUACU and AAAAA 5-mers between the biological and IVT data were compared using kernel density estimates.
